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Abstract

Urinary stones are a common abnormality in the urinary system. Automated segmentation of
urinary stones in abdominal x-ray images is demanded to support doctors in screening, diagno-
sis, and treatment planning. In this research, we propose a two-stage pipeline for segmenting
urinary stones. The first stage network generates the KUB (Kidneys,Ureters, and Bladder) re-
gion map, representing the approximate locations of urinary organs where stones are present in
full abdominal x-ray images. The second stage network takes the partitioned inputs cropped by
KUB region maps to generate the segmented stones results.

Recently, deep learning methods have been proposed and played a major role in medical
image applications. The performance of deep learning model largely relies on the size of training
samples. However, The availability of abdominal x-ray image dataset is limited similar to other
medical imaging domains because of difficulty in data acquisition, privacy restrictions, and the
need for expert annotators. To address this limitation, we propose a GAN-based synthetic stone
augmentation to inpaint the synthetic stones based on the stone masks. This augmentation
is utilized with the KUB region maps to create the stone-synthesized images from stone-free
images, hence increasing the amount and diversity of training samples. Additionally, the fine-
tuned VGG16 mode to classify between real stones and phleboliths, and we utilize the stone
location maps from the first stage to reduce false positive results. From the experimental results,
the second stage network trained with the combination of real stone-contained images and stone-
synthesized images to segment urinary stones can achieved a higher pixel-wise F' score and
region-wise F' score than the baseline method.



Chapter 1

Introduction

1.1 Research Motivation

€®
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(a) Urinary Stones (b) Abdominal X-ray Images

Figure 1.1: Urinary stones occurring in urinary organs (a) (image source: [2]), and their appear-
ance in abdominal x-ray images (b) (urinary stones shown in red boxes).

A urinary stone or kidney stone is one of the most common abnormalities in the urinary system.
It is a hard deposit made of urine minerals. It usually originates in the kidneys and travels
down the urinary tract into the ureters and bladder [1]. Symptoms of a urinary stone include
flank pain and gross hematuria in the urine. Each year, more than half a million people visit
emergency rooms for urinary stone problems [3]. Therefore, early diagnosis is essential to treat
patients promptly before the disease becomes severe [4].

Urinary stones can be detected by using various medical imaging modalities such as CT-
scanning, ultrasonography, and x-ray imaging. An abdominal x-ray or KUB (Kidney, Ureter,
Bladder) radiography can detect urinary stones well because most stones are calcified. Although
radiography is not frequently used for stone detection, advantages of this method include rel-
atively lower radiation exposure than CT imaging and a lower cost than ultrasonography and
CT imaging [5]. However, stone detection in plain x-ray images is often difficult for radiol-
ogists and other medical doctors because of the following challenges. In radiography, stones
and other anatomic structures are projected in a 2D image; hence small stones are difficult to
detect because the overlaps, and some types of stones such as irregular one is poorly visible.
Computer-aided diagnosis (CAD) is in demand, because it can support radiologists and other
medical doctors in various processes, such as screening, diagnosis, and treatment planning. As
such, many researchers have proposed approaches to detect or segment urinary stones in ultra-
sonography (6, 7, 8,9, 10, 11, 12, 13, 14| or CT-scan imaging [15, 16]. From our best knowledge,



our study is the first research proposing deep learning model for kidney stones detection in
abdominal x-ray images (plain KUB radiography).

1.2 Research Challenges

The challenges of our research can be described as follows:

1.) Because plain KUB radiography only views stones at one angle, some stones overlaying
bones, or shaded by a bowel gas loop can be poorly visible.

2.) The availability of our plain KUB radiography dataset is limited similar to other medical
imaging domains because of difficulty in data acquisition, privacy restrictions, and the need for
expert annotators.

3.) In plain KUB radiography, the region of interest (urinary stones) is very small compared
with the image background (highly imbalanced). Some small stones can easily be missed.

4.) The majority of urinary stones are found in the kidneys region while stone samples in
ureters and the bladder region are rare. Therefore, segmentation performance in these regions
can become decreased.

5.) Urinary stones have various sizes and shapes. An abdominal x-ray image usually has
multiple stones and area of some stones can be much larger than small ones. Therefore, the
large stones are overshadowed the small ones.

1.3 Research Contributions

In this work, we proposed the pipeline of a cascaded framework based on the U-Net deep learning
model for the urinary stones segmentation in plain x-ray images. To the best of our knowledge,
this is the first study that developed the deep learning techniques to detect the stones from plain
abdominal x-ray images. The significant contributions of our work are summarized as follows:

1.) We proposed the pipeline for urinary stone segmentation using two stages of U-Net
models. This framework can reduce class imbalance and improve segmentation performance.

2.) We introduced the stone inpainting augmentation by training GAN-based inpainting
network to fill the stone-masked region.

3.) We utilized the stone-synthesized images by combining them with the real samples for
training the second stage U-Net. This method can increase the number and diversity of training
samples.

4.) We modified the training loss function by implementing the stone size re-balancing
approach, improving the recall rate of small stones.



Chapter 2

Background and Related Work

2.1 An Overview of Urinary Stones

Pelvic stone

Calyx stone

Staghorn stone

@ <« Midureteral stone

Kidney stones in
the minorand _+

major calyces

of the kidney

Bladder stones

Kidney stone
in the ureter

Figure 2.1: Urinary stone locations in the urinary system [4]

Urinary Stone or kidney stone disease is one of the most common abnormalities in urinary tract,
affecting about 12% of the world’s population [4]. It is a pebble like structure formed by solid
concretion by mineral components that originated within kidneys. Symptoms of a urinary stone
include lower abdominal pain and gross hematoria in urine. Urinary stones have been related
with an increased risk of various diseases such as renal failure, diabetes, and cardiovascular
diseases. Urinary stones are located in the kidneys, and only a few of them are lodged in the
bladder and urethra as indicated in Figure 2.1. Small stones (< 5 mm) can easily pass the
urinary tracts, while the larger stones (5-7 mm) are difficult to pass down the urinary tracts.
The remaining stones (> 7 mm) in the kidneys generally have to be surgically removed by
invasive or non-invasive techniques.



2.2 An Overview of Urinary Stone Imaging Techniques

P S
(a) CT-scan imaging (KUB posi- (b) Ultrasonography (¢) KUB radiography
tion)

Figure 2.2: Medical imaging techniques for urinary stones diagnosis (yellow arrow in each modal-
ity points to the urinary stone).

Urinary stone imaging is an important diagnostic method and initial step for doctors to decide
the which therapeutic options to use for the urinary stones treatment [5]. The appropriated
imaging modality for kidney stones diagnosis involves many factors including the clinical setting,
patient body information, cost, and tolerance of radiation dose. The common clinical use includes
CT scan imaging, ultrasonography, and kidney ureter bladder (KUB) plain film radiography as
displayed in Figure 2.2 (a) - (c), respectively.

2.2.1 CT-Scan Imaging

CT scan imaging at KUB region is an often imaging modality used detecting urinary stones.
This modality generates a 3D image of the stone and the surrounding anatomy, which can be
reconstructed into multiple views. The sensitivity of CT for detecting stones is the highest of all
the available modalities. Limitations of this modality include high cost and radiation exposure.

2.2.2 Ultrasonography

Ultrasonography is a low-cost imaging modality that does not use on radiation and one of the
common alternative diagnosis method for urinary stones. This modality makes use of physical
differences between stones and surrounding tissues to detect the stones like other imaging modal-
ities, which stone appears brighter than surrounding region. ultrasonography has less sensitive
and specific than CT imaging for detecting stones.

2.2.3 Kidney, Ureter, Bladder (KUB) Radiography

KUB plain film radiography or abdominal x-ray imaging uses a single energy source to produce
photons, which pass through tissues to the receptor in an anterior-to-posterior orientation to
create the image. This modality uses the same fundamental concepts as CT imaging but in a
single plane. Advantages of KUB radiography include relatively low radiation dose compared
with CT scanning and low cost ( 10% of ultrasonography). However, as this imaging modality
only views stones at one angle, sensitivity and specificity are decreased. Although many stone
types can be visualized using this modality, some stone type such as cystine and uric acid stones



often are poorly visible or even not visible at all. Furthermore, stones overlaying bones, or
shaded by a bowel gas loop can easily be missed. KUB radiography has a very low sensitivity in
small stones (< 5 mm), and the sensitivity increase in the larger stones. Overall, this modality
is cost effective compared with other methods for monitoring stone size in a patient with known
stone disease and received medical therapy.

2.2.4 Summary

CT scanning is the most accurate imaging modality for urinary stones diagnosis because of
high sensitivity, specificity, accurate stone sizing, and the ability to evaluate other pathology.
Ultrasonography has a lower sensitivity and specificity than CT, but does not produce ionizing
radiation and is less expensive than CT. An abdominal x-ray or KUB (Kidney, Ureter, Bladder)
radiography is not frequently used for stone detection compared to those methods because of
many limitations. In radiography, stones and other anatomic structures are projected in a 2D
image, so small stones are difficult to detect because the overlaps, and some types of stones such
as irregular one is poorly visible, which is often difficult for radiologists or even experts. The
comparison between imaging modalities for urinary stones diagnosis is shown in Table 2.1.

Table 2.1: The comparison of different imaging modalities for urinary stones diagnosis.

CT scan | Ultrasonography | Plain x-ray imaging
Radiation dose High - Low
Cost High Medium Low
Accuracy . .
(by doctors) High Medium Low

2.3 Computer Aided Diagnosis for Urinary Stones Detection Works

Computer-aided diagnosis (CAD) for urinary stones detection is demanded for supporting ra-
diologists and medical doctors in various processes, such as screening, diagnosis, and treatment
planning. Several works have been proposed kidney stone detection in ultrasound images us-
ing various segmentation approaches [6, 7, 8, 9, 10, 11, 12, 13, 14|, such as region growing |[6],
contour-based square Euclidean distance [8], and region indicator with contour segmentation
method [11]. The recent work in [14] extracted texture-based features from candidate segmented
stone regions, and used KNN classifier to classify them. For the stone detection in CT-scan im-
ages, the authors in [15] proposed the level set segmentation method to detect kidney stones.
The work in [16] used intensity-based and sized-based thresholding to remove unwanted objects
to detect the stones, and used feature-based thresholding to reduce false positive results.

2.4 U-Net Based Deep Learning Models

2.4.1 U-Net

The U-Net architecture was proposed by O. Ronneberger et al. [17]. It is the encoder-decoder
deep learning architecture built based on fully convolutional neural network. Its architecture is
separated in 2 parts: contracting path (encoder) and expanding path (decoder) as illustrated
in Fig.2.3. Skip connection between encoder and decoder path is implemented to combine the



location information from the encoder path with the contextual information in the decoder path
to obtain a general information combining localization and context, which is necessary to predict
a good segmentation map [18]. It has been used in many medical image segmentation task and
achieved very good performance. It has been proved that it can work effectively with a few
training images and has a very reasonable training time.
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Figure 2.3: U-Net architecture proposed by O. Ronneberger et al. 2015.

2.4.2 Residual U-Net

Deep neural network would have better performance when the number of convolutional layers
is increased. However, it is very difficult to train a very deep architecture due to vanishing
gradients problem. He et al. proposed the deep residual learning framework that utilize an
identity mapping to facilitate training deep networks. Therefore, in the segmentation task, Z.
Zhang et al. [19] proposed the deep residual U-Net, an architecture that utilize of strengths from
both deep residual learning and U-Net architecture. This network use residual units instead of
plain convolutional units as basic blocks to build the deep ResUnet as shown in Fig. 2.4.
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Figure 2.4: Building blocks of neural networks. (a) convolution block used in original U-Net
model and (b) residual unit with identity mapping used in the ResUnet.

2.4.3 U-Net ++

Although, U-Net model have been proved to work impressively in semantic segmentation tasks.
Lesions or abnormalities segmentation in medical images demands a higher level of accuracy than
natural images. While a precise segmentation mask might not be as critical in natural images
as medical images. Even marginal segmentation errors in medical images can lead to poor user
experience in clinical settings. Fine details of lesion or abnormalities are crucial information
for medical doctors. Therefore, Z. Zhou et al. [20] proposed UNet++, a new encoder-decoder
segmentation architecture based on nested and dense skip connections to improve U-Net-based
model. In the Fig 2.5, convolutional units in black color are the original U-Net, green and blue
show dense convolution blocks on the skip pathways, and red indicates deep supervision. Red,
green, and blue components distinguish UNet+-+ from original U-Net.
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Figure 2.5: UNet++ consists of an encoder and decoder that are connected through a series of
nested dense convolutional blocks.

2.4.4 Attention Unet
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Figure 2.6: The proposed Attention U-Net segmentation model (a) and schematic of the proposed
additive attention gate(AG) (b).

The authors in this work [21] proposed to use attention gate (AG) structure for U-Net model to
automatically lean to focus on the target structures that have different shapes and sizes. This
attention gate structure can be described in Fig.2.6 (a), and integrated with U-Net model in
the skip connections at each level as shown in Fig.2.6 (b). Instead of combining the contextual
information from the deeper level of convolutional layers with the spatial information from the
skip connections at the shallow layers like the standard U-Net model, the proposed AG mecha-
nism takes two inputs, skip connections from encoder and the layer from decoder representing
better feature representation. The two vectors are summed element-wise. Then, the resultant
vector goes through a ReLLU activation, and sigmoid layer respectively. Therefore, this process
results in aligned weights becoming larger while unaligned weights become relatively smaller.
The networks trained with this mechanism can learn to suppress irrelevant regions in an input
image while highlighting salient features that useful for a specific task.



2.4.5 MultiRes U-Net

N. Ibtehaz et al. [22] proposed MultiResUnet model, which is the modifications of the U-Net-
based model for medical image segmentation. The MultiResUnet replacs the convolutional layers
with Inception-like blocks called MultiRes blocks to reconcile the features learnt from the image
at different scales, which is a common problem for lesion segmentation tasks. MultiRes block
utilizes the succession of 3 x 3 filters instead of using the multi-resolution filters (3 x 3,5 x 5
and 7 x 7 filters) as shown in Fig. 2.6 (a). Furthermore, instead of the plain skip connections,
MultiResUnet uses the stacks of convolutional unit with residual connection as shown in Fig.
2.6(b). This Res path can reduce the gap between the encoder and decoder path, especially
lower level features in the first level of encoder and much more higher level in the last layer of
decoder. MultiResUNet architecture is illustrated in Fig. 2.7.
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Figure 2.7: Building blocks of neural networks. (a) multiRes block and (b) Res path used in the
MultiResUnet model.
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Figure 2.8: MultiResUNet architecture replaces the sequences of two convolutional layers in
original U-Net architectures with the MultiRes block, and uses Res path instead of using plain
shortcut connections.

2.5 Transformer-based Segmentation Models

The Transformer is a model proposed in the paper “Attention Is All You Need” by Vaswani et
al. (2017) [23]. It is a model that uses a mechanism called self-attention and has been widely
used in NLP field. Vision Transformer (ViT) is a model that applies the Transformer to the
image classification task and was proposed in 2020 by Dosovitskiy et al [24].
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Figure 2.9: An overview of Vision Transformer (ViT). An image is split into fixed-size patches,
linearly embed each of them, add position embeddings, and feed the resulting sequence of vectors
to a standard Transformer encoder.

An overview of Transformer Network is described in the Fig. 2.9 An image is split into
fixed-size patches, each of them are then linearly embedded, position embeddings are added,
and the resulting sequence of vectors is fed to a standard Transformer encoder. Transformer
learns by measuring the relationship between input token pairs.

2.5.1 TransUnet

TransUnet [25] was proposed to combine the strong merits of both Transformer model, and
Unet model for medical image segmentation task. This model adds the Transformer layers in
the encoder path of U-Net model. Transformer model encodes tokenized image patches from
the feature maps from convolutional neural network (CNN) as the input sequence for extracting
global contexts. While the decoder upsamples the encoded features, which are combined with
the high-resolution CNN feature maps in the same spatial dimension to enhance the finer details.
The overview architecture of TransUnet is shown in 2.10.
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Figure 2.10: Overview of the TransUnet framework. (a) schematic of the Transformer layer; (b)
architecture of the proposed TransUNet.
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2.5.2 UTNet

The U-shape hybrid Transformer network (UTNet) [26] combined the merits of both convo-
lutional neural network (CNN) and self-attention mechanism for medical image segmentation.
The objective of this model is to apply CNN layers to extract the local intensity features to
avoid large-scale pre-training of Transformer, while using self-attention to capture long-range
relative information. This main architecture of this model is simple and similar design with the
Unet-based models, but replace the last layer of each block with the Transformer module to
enhance the quality of segmentation results.
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Figure 2.11: Overview of the UTNet framework. (a) schematic of the Transformer layer; (b)
architecture of the proposed TransUNet.

2.5.3 Swin Unet

The existing medical image segmentation methods mainly rely on convolutional neural network
(CNN) with U-shape architecture. Although the CNN-based approaches have achieved excellent
performance inn this field, the segmentation is still a challenging task in medical image appli-
cation. CNN cannot learn global and long-range semantic information due to the limitation of
locality of convolution operation. Therefore, the recent proposed methods tried to combine the
Transformer module with the CNN-based backbone to solve this limitation.

Swin U-Net [27] is a Unet-like pure Transformer for medical image segmentation task. The
tokenized patches are fed into the Transformer-based U-shaped Encoder-Decoder architecture
with skip-connections for local-global semantic feature learning. The hierarchical Swin Trans-
former with shifted windows is used in the encoder to extract context features. A symmetric
Swin Transformer-based decoder with patch expanding layer is used for up-sampling operation
to restore the spatial resolution of the feature maps.

2.6 Lesions Augmentation in Medical Imaging

Deep learning has been widely used in various medical imaging tasks and shown improvements
over traditional feature engineering methods [28]. However, the performance of deep learning
usually depends on the number of training data. The availability of medical image datasets is
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limited compared with other domains because of the data acquisition cost, privacy restriction,
and difficulties in image labelling, which need experts. Furthermore, the class imbalance is
also the common problem in medical domains, which the normal samples are dramatically out
number the samples with lesion. Augmentation of small or imbalanced training datasets by
synthetically generating additional training data has been proved to provide the classifier with a
better representation of data for those classes with a small number of samples, which can improve
the generalization of the networks. Basic data augmentation techniques, such as image shifting,
scaling, flipping and rotations, usually be used to increase data diversity during the training
stage, but cannot be used for the diversity of nodule characteristics and locations. Accordingly,
many studies proposed the various methods to synthesize new positive training samples.

2.6.1 Traditional Techniques for Lesion Insertion on Medical Images

In medical imaging application, many techniques for creating new synthetic samples and varying
the distribution of lesion properties in an existing real dataset have been developed. The past
works for lesions insertion on medical images can be divided into 2 categories. In the first
category, the new lesions are simulated using a mathematical model and inserted into the existing
medical images using various blending approaches. The study in [29] simulated lung nodules
that have realistic characteristics in inserting them into CT slides. The one in [30] utilized
a physic-based method for simulating 3D lesions and projected them in 2D on mammogram
images. And the one in [31] generating 3D lesions from real 2D lesions extracted from digital
breast tomosynthesis (DBT), and inserting them to healthy samples. In the other category, an
actual lesion is extracted from real images and then inserted into the new location on other
images using various blending techniques such as the studies in [32, 33, 34, 35]. The recent work
in [35] proposed to use the lesion blending approach based on Poission method. The authors
used this tool to create the augmented samples, and use them to improve the performance of
classifier for small training datasets.

Figure 2.12: An example of lesion insertion on mammography in [30], which the first image
showing the original image and second image showing the result, and an example of lesion
insertion on CT imaging (b) [35], which the 1% column showing the source lesion cropped on
CT slides, the 2"¢ column showing the target CT slides, and the 3" - the 4" columns showing
blending process and the final blended outputs, respectively.
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2.6.2 Generative Adversarial Networks and the Applications on Synthetic
Lesion Augmentation
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Figure 2.13: A conditional GAN is trained to map an image from one domain (edges) to another
domain (photo). The discriminator, D, learns to classify between fake (synthesized image by
the generator) and real images with the input pairs. The generator, G, learns to fool the
discriminator. (Image source: [37])

I. Good fellow introduced Generative Adversarial Networks (GANs) in 2014 [36]. GANs can be
described as the competition between two networks The first network, the generator G, takes
the random noise as the input and generate the the synthetic outputs, while the second network,
the discriminator D, is the binary classifier, trying to distinguish between real training samples
and fake synthetic samples from the generator. Two networks are trained simultaneously, which
the generator is trained to maximize the the probability of fooling the classifier (fooling the
discriminator to think that the synthetic samples are real). On the other hand, the discriminator
is trained to minimize the classification loss between real and generated samples, or maximize the
probability of classifying real and synthetic images correctly. Pix2Pix GAN [37] was introduced
in 2016 as the general framework for image-to-image translation problems. A conditional GAN
learns to map images from one domain to another domain as shown in Fig. 2.9. This work
also combines the pixel-wise reconstruction error (L1 loss) with the adversarial loss from the
discriminator to train the encoder-decoder generator.

Because of the successful results of GANs in many domains, generative adversarial networks
(GANSs) have been proposed to use in medical imaging augmentation applications in various
applications such as medical image modalities translation in [38, 39, 40|, and image denoising
in[41, 42]|. Furthermore, GANs also utilized for generating the synthetic samples. For examples,
the work in [43| proposed to use GANs to generate synthetic liver lesion images for 3 categories
of lesion including cyst, metastasis, and hemangioma. The authors used them and the real
samples to train CNN classifier, and the results showed an improvement of lesion classification
performance. Skin lesion augmentation is another popular researches, which many studies in
[44, 45, 46, 47| applied GANs to synthesize new skin lesion images for generating the synthetic
samples. The one in [47] utilized the lesion mask dataset to train the generative network to map
from the input masks to skin lesion images (Fig. 2.10(a), then used the synthetic samples to
improve the performance of lesion segmentation network.
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Figure 2.14: Ilustration of the applications of GANs in Medical Imaging such as the skin lesion
augmentation (a), lesion inpainting on mammography (b), lesion inpainting on CT images (c),
and region inpainting on brain MRI images (d).

Image inpainting is a task of reconstructing the missing or distorted region in an image.
Recently, GANs have been widely used in this application instead of the traditional approaches.
Context Encoder (CE) [48] is an auto-encoder architecture training with adversarial loss and
reconstruction loss. The studies in [49, 50] improve the CE framework by using two discrimina-
tor networks consisting of local discriminator taking the completed region as input and global
discriminator taking the entire image as input. More recently, ip-MedGAN [51] is the inpainting
framework developing for medical imaging. This method uses cascaded multiple U-Net networks
as the generator trained with the combination loss of discriminator networks, reconstruction loss,
perception loss, and style loss.

In medical imaging applications, many recent studies proposed to use GANs in image in-
painting task to synthesize lesions in medical image patches to augment the training data in
mammogram [52], and lung nodule in CT images [53, 54, 55, 56]. These methods train GANs
to inpaint a cropped region with the objects of interests, such as lesions. Deep learning trained
with synthesized samples has been shown to improve the performance in classification and seg-
mentation tasks.
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2.7 Loss Functions for Segmentation
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Figure 2.15: The overview of loss functions for image segmentation [57].

Deep Learning methods use stochastic gradient descent approach to optimize objective functions.
To obtain the good deep learning model, it is important to define the suitable objective function
for the application. loss functions for semantic segmentation can be categorized into 4 categories:
Distribution-based, Region-based, Boundary-based, and Compounded loss as shown in Fig. 2.12.

2.7.1 Distribution-based losses

Distribution-based loss functions aim to minimize dissimilarity between two distributions. Cross
entropy loss is the most fundamental loss for this category, and other functions are modified from
this loss.

Binary Cross-Entropy

Cross-entropy is the most widely used loss for classification objective, and pixel-level classi-
fication in the segmentation task. It is a measure of the difference between two probability
distributions, which is defined as:

Lpce(y,9) = —ylog(y) + (1 —y)log(1 —7) (2.1)

where y and are the true value and predicted value by the model, respectively.

Weighted Cross-Entropy
Weighted cross-entropy is the variant of binary cross entropy loss. [ value in the formula can

be used to tune the balance between false negatives and false positives. Weighted cross-entropy
can be defined as:

Lwce(y,9) = —(8 *ylog(9)) + (1 —y) log(1 — ¢) (2.2)
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Focal loss

Focal loss (FL) [58] is the variant of cross entropy loss that down-weights the contribution of
easy examples and enables the model to focus more on learning hard examples. It works well
for highly imbalance class tasks. Let p; defined as:

1 —p, otherwise

P, ify=1
Pt = { (2.3)

So, Focal Loss (F'L) can be written as

FL(pt) = ar(1 — pt) log(pt) (2.4)

Where ~ is the focusing parameter for adjusting the rate at which easy examples are down-
weighted as shown in Fig.. When v = 0, F'L works like Cross-Entropy loss function, which has
a4 value as a weight between two classes. v = 2 work best for their experiments.

CE(pr) = — log(pr)
FL(p)) = —(1 — p)" log(p:)
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Figure 2.16: The Focal Loss adding a factor (1pt)? to the standard cross entropy criterion.
Setting v > 0 reduces the relative loss for well-classified examples, putting more focus on hard
examples (misclassified examples).

2.7.2 Region-based losses

Region-based loss functions aim to maximize the overlap regions between ground truth g and
predicted segmentation p.

Dice Loss

The Dice coefficient is the fundamental objective function for region-based loss. This loss is
widely used metric in many medical image segmentation tasks. Dice Loss (DL)

2yp +1

DL(y,p)=1— —— 2.5
(y,p) pa— (2.5)
Some work used the squared terms in the denominator, which is defined by
2yp+1
DL(y,p)=1— —"—— 2.6
(y,p) a1 (2.6)

where 1 is added in numerator and denominator term in both formula to avoid division by zero.
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Tversky Loss

Tversky index (T') [59] is an generalization of Dices coefficient, which adds a weight  to FP
(false positives) and FN (false negatives).

yp + 1

TH%RB):yp+ﬁﬂ—gm+%l—ﬂm0—p%+1 27

when 8 = 0.5, It can be used as the regular Dice coefficient. Tversky loss (T'L) can also be
defined as:

TL=1-TI (2.8)

Focal Tversky Loss

Similar to Focal Loss, which focuses on hard examples by down-weighting easy ones. Focal
Tversky loss [60] also aims to learn hard examples such as with small ROIs(region of interest)
with v coefficient, which is defined as:

FTL = (1—TI) (2.9)

where « ranges from [1,3].

2.7.3 Boundary-based losses
Shape-aware Loss

Loss functions are usually used to evaluate the pixel-wise similarity in whole image, which lacks
the shape information. Shape-aware loss [?] also calculates the average point to curve Euclidean
distance among points around curve of predicted segmentation to the ground truth. It can be

defined as:

E; = D(P,G) (2.10)

Lshapefaware = _CE(pvg) - EICE(pa g) (211)

2.7.4 Combined losses
Combo Loss (Dice Cross-Entropy Loss)

Combo loss (CL) |?] is defined as a weighted sum of Dice loss and a modified cross entropy.
It attempts to leverage the flexibility of Dice loss of class imbalance and at same time use
cross-entropy for curve smoothing. It’s defined as:

CL(y,p) = aLpce — (1 —a)DL(y,p) (2.12)
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2.8 Loss Reweighting Approaches in Lesion Size Imbalance

Several studies proposed the reweighting methods to solve the class imbalance problem (lesion
pixels vs. non-lesion pixels or multi-classes problem). The common reweighting methods includes
Weighted Cross-entropy loss (WCFE) and general Dice coefficient loss (GDL). These methods
add the different weight to each class to solve class imbalance problem as shown in Fig. 2.13
(b). The recent work in [62| proposed a loss reweighting approach to increase the performance
of the network to detect small lesions. This method assigned weights are inversely proportional
to the lesion volume, the weight for every components Ly, . . . , Li are assigned by Eq.
(2.13), where Ly is the non-lesion component (background) and K is the number of lesions in
the current patch.

K
L
w; — 2=k=0 L (2.13)
(K +1)L,

where w; is the weight, assigned to every voxel inside the corresponding component L;, therefore,
smaller lesions get larger weights as shown in Fig. 2.13 (c).

WCE

BCE iwBCE

Affected by imbalance Solving class imbalance Solving size imbalance
(a) (b) (c)

Figure 2.17: The effect of inverse weighting. No reweighting applied (a), class balancing via
Weighted-Cross Entropy (b), inverse weighting (c). Weights for every tumor are placed near the
tumors.
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Chapter 3

Proposed Method
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Figure 3.1: The overview of the proposed pipeline for segmenting urinary stones.

Our pipeline has two stages: the KUB region map generation and stone segmentation. The first
stage receives a full abdominal x-ray image as input and generates the coarse map representing
the region where stones can be found, including kidneys, ureters, and bladder. The outputs from
this stage are up-sampled and used for cropping the full image into three smaller partitions,
including the right kidney, left kidney, and bladder region, which are used as the input in the
second stage and also used as a KUB region map in stone-synthesized augmentation. The
proposed augmentation is the augmentation method which synthesizes new stone(s) in the new
locations to increase the number and variety of training data. The second stage U-Net was
trained with both real samples and synthetic samples to generate the prediction map of urinary
stones. The section 3.1 will explain the abdominal x-ray dataset that we used. The first stage
work will be described in 3.2. The proposed stone augmentation approaches will be described
in 3.3. Lastly, the urinary stones segmentation task will be described in 3.4.

3.1 Abdominal X-ray Images Dataset

The abdominal x-ray images and their gold standard stone masks were provided by Tokyo
Medical and Dental University. There are two types of dataset including stone-contained samples
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(Ic) from patients who have urinary stones, and stone-free samples (Is¢) from healthy person.
The stone masks which require medical knowledge and precise annotation skills, were manually
drawn by the urology experts for every stone-contained image. The total number of stone-
contained samples (Is.) and stone-free samples (I5f) are 1,156 and 1,199 images, respectively.

(a)

Figure 3.2: Example of a stone-contained sample (Is.) and its corresponding gold standard
manual segmentation of the stones (a) and a stone-free sample (I5¢) (b).

3.2 KUB Region Map Generation
3.2.1 Stone Location Map

Front View of Urinary Tract

Ureter g W Ureter

(b) ()

Figure 3.3: Illustration displaying anatomy of urinary organs (a) adopted from [2| , the approx-
imated location of urinary organs in an abdominal x-ray image (b), and distribution of stones
in our dataset (c)

Based on medical domain knowledge, urinary stones are formed in kidneys and passed down
into ureters and bladder. Therefore, they can be only found in urinary organs including kidneys,
ureters, and bladder (Fig.3.3 (a)). The approximate locations of which abdominal x-ray images is
shown in Fig.3.3 (b). The segmentation map representing the urinary organs in KUB radiography
is important for many utilities, however it is difficult to generate the precise segmentation map
of these organs because of the following challenges:

1.) The precise boundaries of urinary organs are difficult to be seen in KUB radiography.

2.) The characteristics of KUB radiography (such as brightness, position) in our dataset are
varied, so one stone location map cannot be used for all images.
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When we plotted all stone from the stone mask dataset, the distribution of urinary stones is
displayed as Fig. 3.3(c). The highest density area is shown in kidneys region, and the density
decreases in ureters and bladder, respectively. In this task, we can create the ground-truth of
stone location map which it shape is U-shape similar to the stone distribution map.

Loss function :
Dice coefficient loss

Training
uonejuawsny
eleq
LAN-N

Suissaoouag-ald

Testing

LAN- paulei],
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Figure 3.4: The overview of training and testing methodology for stone location map generation

The overview process of training and testing methodology for stone location map generation
is illustrated in Fig. 3.4. Firstly, all training images were resized to 256256 pixels and normal-
ized to zero mean and unit variance. We used the slightly modified U-Net model for training a
network to generate coarse stone location maps. The U-Net structure consists of encoder paths
and decoder paths that have skip connections in each corresponding layer with the same spatial
dimension. In the encoder path, two convolution blocks consisting of a 3x3 convolution layer,
batch normalization [63], and leaky ReLU activation function are used in each level. A 3x3
max-pooling with the stride of 2 is implemented to halve the resolution while the number of
features channels is twice increased in the following level. In the decoder path, a 2x2 transposed
convolution is implemented to twice upsampling the feature map while the number of feature
channels is halved. The output from the upsampling is concatenated with the corresponding
feature map from the decoder path, followed by a 3x3 convolution layer, ReLU activation, and
0.5 dropouts. In the output layer, a 3x3 convolution layer followed by the Sigmoid activation
function is applied for generating the continuous values between 0 and 1, representing the prob-
ability of stone location map pixels. The simple image augmentation, including image rotation
[-5, 5] and horizontal flipping, were randomly implemented during the training process. The
network was trained with 600 images from scratch for 100 epochs and used Adam optimize [64]
with a learning rate of 10~3 to minimize the Dice coefficient loss (DL) written in Eq.(3.1).

N
2 i1 Digi
N N
Doim1 ng + > im1 91‘2

where the sums run over the N pixels, of the predicted segmentation pixel p; and the ground
truth binary pixel g;.

DL =1-

(3.1)

In post-processing, the output images were binarized using a 0.5 threshold value and imple-
mented morphological operations to connect all white components and remove the small ones.
Example of stone location map results from this network are shown in Fig. 3.5.
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Figure 3.5: The illustration of example stone location map results visualized in heatmap.

3.2.2 KUB Region Map

il white pixels by column 1% derivative

i (hmoy

¥ white pixels by column 1* derivative

Stone location map KUB region map

Figure 3.6: The overview process to create KUB region map from stone location map.

In this process, we used stone location maps to create KUB region maps representing kidneys,
ureters, and bladder region. The overview process is shown in Fig. 3.6. Let (x}}, y;}') be
the top-left coordinate and (w™, h™) be its width and height of the bounding box of a stone
location map. We cropped this bounding box into 3 partitions; top-left partition(Py), top-
right partition(P,,), and bottom partition (). The coordinates of top-left partition (7, v7),
top-right partition (¥, y7), and bottom partition (2}, y7) can be defined as Egs.(3.2) - (3.4),
respectively. The width and height of each partition (wP, h?) are defined as Eq. (3.5).

(ﬁay‘lp) = (zy — bay Yy’ — by

(@f, y7) = (zg +w™/2,y;7 — by
(zy,95) = (@i +w™ /4,y + ™ /2 + b,
(WP, hP) = (W™ /2 + by, K" /2 + by

TN TN TN TN
T = W N
S N N

)
by)
)
)

22



where b, is the border size in the vertical direction and b, is the border size in the horizontal
direction. We set these values equal to 10% of the width and height of the stone location map’s
bounding box, respectively.

Then, we can split the stone location map into kidneys, ureters, and bladder regions. Sy and
Sy which are the region separating lines used in top-left partition (Py) and top-right partition
(Pyr) are defined at the row (j) that has the lowest derivative value of the sum of column pixels
(7) in a binary stone location image described in Egs. (3.6) and (3.7), respectively, while the
separating line S, used in bottom partition (P,) is defined at the row (j) that has the highest
derivative value of the sum of column pixels (7) in a stone location image described in Eq. (3.8).

S =5 8O Puli, 7)) (3.6)
i=0

Str = Aj(z Py(i, 7)) (3.7)
i=0

Sy =5 80> Py(i, ) (3.8)
i=0

Examples of final KUB region map results are shown in Fig. 3.6 (right), where kidneys, ureters,
and bladder region are represented in red, green, and blue, respectively. These maps were used in
stone-synthesized augmentation in the second stage and used to evaluate the stones segmentation
performance in different regions.

3.3 Synthetic Stone Augmentation

Kidney stone dataset

Randomly choose stone
insertion coordinates [1-3]
based on KUB region map

BOS1611  BOROI0Y  B15744)

16631 ooamsn 1 |

Ureteral stone dataset

] 12homce 1 [ITTX
ey ==

Bladder stone dataset

Stone-free image

(F) KUB region map - ! n

e ol 1

Synthesized stone image

(G(SF))

Figure 3.7: Flowchart of synthetic stone augmentation

In an abdominal x-ray image, the number of positive pixels (stone region) is very small compared
to negative pixels (non-stone region). The ratio of the stone area over the non-stone area can be
less than 0.1%. Furthermore, the class imbalance naturally present in many medical domains,
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where “normal” images usually outnumber those with findings. Therefore, we proposed the
synthetic urinary stones augmentation methods to synthetically insert the stones into healthy
samples to generate new training images, as shown in the flowchart in Fig. 3.7. The proposed
augmentation methods consists of urinary stone embedding algorithm and GAN-based stone
inpainting augmentation. The first method is described in 3.3.2, and the latter method is
described in 3.3.3.

3.3.1 Cropped stone dataset

The cropped stones were extracted from the stone-contained dataset. The KUB region map
generated in the first stage were used for classifying the cropped stone into anatomic region
categories consisted of kidneys, ureters, and bladder as shown in Fig 3.8 - 3.10, respectively.
These cropped stone dataset will be used in stone-synthesized augmentation process.

frequency
O o |

‘‘‘‘‘

Total : 816 kidney stones Stone size (pixel)

Figure 3.8: Example of cropped kidney stone dataset and the frequency distribution of their
stone size.
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Figure 3.9: Example of cropped ureter stone dataset and the frequency distribution of their
stone size.
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Figure 3.10: Example of cropped bladder stone dataset and the frequency distribution of their
stone size.

3.3.2 Stone-embedding Augmentation
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Figure 3.11: Flowchart of stone-embedding augmentation

The proposed urinary stone embedding algorithm is the method trying to generate new training
images(positive) which urinary stones are inserted while preserving the background texture of
the target image. Flowchart of stone-embedding augmentation is illustrated in Fig. 3.11. Firstly,
urinary stone images were cropped from training stone-contained images and multiplied with
cropped stone mask to remove the region outside stone pixels. Examples of cropped stones are
shown in the 27¢ row in Fig. 3.12. Then, all stones were classified into three categories based
on their location on an x-ray image: kidney stones, ureteral stones, and bladder stones. We
selected the small and medium stones in a range between 20 pixels to 500 pixels which are the
hard samples to use in stone-embedding augmentation.

During this augmentation process, we randomly selected 1 to 3 target location(s) (z,y;) of
inserted stone(s) from the KUB region map of each target image to be the center of a cropped
region of the target image (f;) that has the same size as the selected source image (fs). Then,
the source stone image fs was randomly selected based on the region of selected locations in the
KUB region map (kidneys, ureters, or bladder) and applied with simple augmentation methods
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consisting of rotation [-10, 10], vertical flip, and horizontal flip. The augmented source image
(A(fs)) was multiplied by a stone weight Astone, which has a random value between 0.1 and 0.2,
to control the brightness intensities of stone pixels and combined with f; as shown in Eq. (3.9).

fc = AstoneA(fs) + ft (39)

where f. is a combined region of a source and target image.

Gaussian filter G (window size 3x3) was applied on f. in order to making the synthetic
stone looks more natural. Then, the distance map (wgy;st) calculated by the Euclidean distance
transform was used to calculate the weighted sum between G(f.) and (f;) as shown in Eq. (3.10).

fo = G(f)waist + fr(1 — waist) (3.10)

where f, is a final stone-embedded image, which are demonstrated in Fig. 3.12 (3"¢ row).
The comparison between the embedded stones and actual stones are demonstrated in Fig.3.13.
Lastly, this result is replaced back to the target image at the cropped region.

Figure 3.12: Cropped target (stone-free) images (f;), cropped source (stone) images (fs) and
stone-embedding results(f,).

a) Augmented Stones ) Real stones

Figure 3.13: The comparison between the stone-embedded images (a) and actual stone images

(b).
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3.3.3 GAN-based stone inpainting augmentation

Cropped stone-mask dataset

(a) Full KUB x-ray image and its ground- (b) Dataset for stone inpainting task
truth image

Figure 3.14: Illustration of an abdominal x-ray image with stones (a - left), corresponding gold
standard manual segmentation of the stones (a - right). The red box represents the cropped
region of urinary stone that used for creating the cropped urinary stone images and the cor-
responding images with binary stone mask M, at the image’s center used in stone inpainting
process

In this task, abdominal x-ray images and their corresponding stone ground-truth (Fig.3.14(a))
are used to create the dataset for training image-to-image translation network. Firstly, the stone
ground-truth images are cropped in square shape at the stone region for every stone, which the
top-left coordinates (zy,, ym) and the width (wy,) of stone mask M can be defined as Eqs.(3.11)
and (3.12), respectively.

o ws + 0.2 - wg, if wy 2. hs (3.11)
hs +0.2-hs, otherwise
where ws and hg are the width and height of a urinary stone region, respectively.
—0.1- — Wmzhs) - if g > h
(T Ym) = (=, e ¥ 7 ), ifw, — (3.12)
(x5 —0.1- hys,ys — “mz=), otherwise

where x5 and y, are top-left coordinates of a urinary stone region.

Then, full abdominal x-ray images are cropped in the square shape at the stone region with
the width = 3 - wy,. Figure 3.14(b) demonstrates the original cropped stone-region images and
their corresponding cropped images placing the binary stone mask at the image’s center. We
used these pairs for training our image-to-image translation network.

Conditional Inpainting GANs

Image inpainting is a task of reconstructing the missing or distorted region in an image. Re-
cently, GANs have been widely used in this application instead of the traditional approaches.
Context Encoder (CE) [48] is an auto-encoder architecture training with adversarial loss and
reconstruction loss. The studies in [49, 50] improve the CE framework by using two discrimina-
tor networks consisting of local discriminator taking the completed region as input and global
discriminator taking the entire image as input. More recently, ip-MedGAN [51] is the inpainting
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Figure 3.15: An overview of our generative stone inpainting framework. The cascaded U-Net
generator using dilated convolution is trained with reconstruction loss, content loss from pre-
trained VGG19, global adversarial loss, and local adversarial loss.

framework developing for medical imaging. This method uses cascaded multiple U-Net networks
as the generator trained with the combination loss of discriminator networks, reconstruction loss,
perception loss, and style loss.

In this work, we used the similar image-to-image translation network to generated the missing
region at the stone mask input. This conditional GAN, learning a mapping from observed image
z and random noise z to ¥y, has two components including a generator and a discriminator. The
generator GG is trained to generate the output images, which are difficult to be distinguished
from real images, while the discriminator D is trained to classify between the fake generated
images and real images. The adversarial loss of a conditional GAN can be expressed as

Legan = EyyllogD(x,y)] + Ey yllog(1 — D(z,G(x, 2)))] (3.13)

where G tries to minimize this objective, while an adversarial D tries to maximize it.

Generator architecture

The overall framework of this image-to-image translation network is illustrated in Fig.3.15 We
used the stack of two U-Net models, as the inpainting generator, which the input for second
network is the coarse inpainted result of the first network. Each model has two paths consisting
of contracting path and expanding path. The generator receives 128 x 128 full images with
masked region as the input. Each convolutional block consists of two 3 x 3 convolutional layers
with LeakyReLu activation and Batch normalization, followed by a 3 x 3 convolutional layers
with stride of 2 to downsample the image resolution. At the mid-layers, we use the dilated
convolutional layers with dilation rate (1) of 2, 4, 8, and 16. Dilated convolution increases the
receptive field, while still using the same number of parameters and computational resources.
These layers at the low resolution is important for image inpainting task because it needs a
larger receptive field that can cover the contextual information and missing region as shown in
Fig.3.16. In the expanding path, transposed convolutional layer is implemented to upsample the
image resolution and concatenated with the encoder at the same spatial level. The output layer
of each generator uses a 1 x 1 convolutional layer with tanh activation.
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Figure 3.16: The illustration of standard convolution and dilated convolution (a) and the im-
portance of dilated convolution in image inpainting task (b).

Discriminator architecture

Image inpainting task usually utilizes two discriminators with different receptive fields. The
global discriminator D, receives the full generated and real images as the input, like other
GANS, while the local discriminator D; receives only the masked region of generated and real
images as the input. The global discriminator network has the receptive field of 128 x 128
pixels and consists of 4 convolutional layers(convolution + LeakyReLU -+ Batch normalization)
with 2 strides. By using the wide receptive input, the network focuses on the realistic in entire
image detail and ensure that the inpainted region fits to the contextual information around the
masked region. The local discriminator network has the receptive field of 48 x 48 pixels cropped
at the masked region and consists of 3 convolutional blocks (convolution + LeakyReLU + Batch
normalization) with 2 strides. By using the smaller input receptive field at the masked region,
this network only focuses on the realistic within the inpainted region. The last layer of both
network is a 1 x 1 convolutional layer with Sigmoid activation, which produce the output patch
N x N representing the classification scores ('real’ or ’fake’). The adversarial loss of cGAN
(Lady) used in this work is the average between these two discriminators with different receptive
fields, which can be expressed as

/:'adv = Eadv(Ga Dg) + Eadv(Gv Dl) (314)

Training Methodology

Recently, non-adversarial losses were usually used in image-to-image translation task as it can
obtain the better and consistent results [37]. In this work, we used a conventional pixel-wise
reconstruction loss (£r1) as shown in Eq. (3.15) to minimize the mean absolute error (MAE)
between the target and generated image.

Lr1 = Eyy. ez —Gy,2)|,] (3.15)

We also utilized the content loss to enhance image details of inpainted image. The feature
maps of target V;(z) and generated image V;(y, 2) were extracted from different 5% convolutional
layers of a pre-trained VGG-19 network trained on the ImageNet dataset in the classification
task [|. Then, Leontent can be computed by

B
1
ﬁcontent - Z m”‘/j(w) - ‘/J(G(y7 Z))HQ (316)
=1 Wit
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Figure 3.17: The illustration of original cropped stone region images (1% row images), input
images for stone inpainting network(2"? row images), and synthesized urinary stone results
generated by stone inpainting network (37 row images).

where the feature maps have the size h; x w; x d; with hj,w;, and d; being the height, width,
and depth, respectively.

The first part of the cascaded U-Net model was trained with only L loss to generate the
coarse result, while the second network was optimized by using the combined objective functions
of adversarial loss, L1 reconstruction loss, and content loss expressed as:

/\lﬁadv + >\2£1 + )\3£content (317)

where A1, A2, and A3 represent the contributions of adversarial loss, L1 loss, and content loss,
respectively.

We used ADAM optimizer [64] with momentum value of 0.5 and a learning rate of 0.0002
to train the network for 15,000 iterations. The discriminator was trained once for every two
iterations of training the generator. The examples of synthesized urinary stone result from
stone inpainting network are illustrated in Fig. 3.18, which the pixels in the missing region is
filled based on the binary stone mask input.

3.3.4 Stone-synthesized Dataset

In an abdominal x-ray image, the number of the positive pixels (stone region) is very small
compared with the negative pixels (non-stone region). The ratio of the stone region over the
non-stone area can be less than 0.1%. In this stage, we use the proposed urinary stone inpainting
method described in the previous section to increase the number of positive data. The proposed
framework of GAN-based synthetic stone augmentation is illustrated in Fig.3.18. We imple-
mented this proposed augmentation to both stone-free image (I,¢) and stone-contained image

(Ise).

For each real stone-free image (I5¢), 1 to 3 new target location(s) (x¢, y;) were randomly
selected from the corresponding KUB region map to synthesize new stone(s) in the non-stone
region. A cropped stone mask (M) was randomly selected from the cropped stone mask dataset
and augmenting using image rotation [-10 , +10 |, vertical flipping, and horizontal flipping to
increase the diversity of the new stone’s characteristics. The augmented stone mask M, was
then placed in the center of a selected location (x¢, y;), and a full image (I/I,.) was cropped
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in a square shape around the placed stone mask M, with a 3 - w,, width to include the context
region surrounding the stone mask, similar to the training data for the stone inpainting task. For
each real stone-contained image (Is.), the center coordinate of each stone (x¢, y;) was randomly
chosen to be replaced with either the stone mask to synthesize a new stone, or non-stone mask
to remove the stone when there are multiple stones.

The input is resized to 128 x 128 pixels and processed by the inpainting generator that was
trained in the first stage to generate the stone region based on the context pixels around the
missing region and an input stone mask. The example of stone-synthesized results of I, and
Iy are illustrated in Fig. 3.19 (a) and (b), respectively. Then, the inpainted result is replaced
at the cropped region in the full image, and the stone mask is placed at the same location in
the full ground-truth image. This augmentation method was implemented to generate 10 new
samples for each I, and If, which was used as the additional training samples for segmentation
network.

Stone-contained {Isc] images

+ stone mask

Cropped Isc

Synthesized

Trained stene ingainting
Ganerator stone output

.

Synthesized |

Stone mask dataset

Stone masks Stone-contained (lsc) ima

Classic Image Augmentation
Urinary Stone Segmentation Network

Cilsted Com, Dilated Cany

+ stone mask
Croppad Ig¢ Trained stone inpainting

J g 0
Stone location maps storie-free (Igp) images s stone output G(lsp)

Figure 3.18: The proposed framework of image augmentation consisted of GAN-based augmen-
tation and classic augmentation for urinary stone segmentation.
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Figure 3.19: Illustration of original cropped target images, cropped targetimages with random
masks, and stone-inpainted results in stone-free images(a), and stone-contained images (b).

3.4 Urinary Stones Segmentation
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Figure 3.20: Flowchart of urinary stone segmentation. The segmentation network receives the
partitioned input. The partitioned output are combined into full image results in the final step.

3.4.1 Pre-processing and Image Partitioning

The luminance and contrast of our x-ray images are varied because of different conditions during
the image acquisition process. Therefore, all samples were normalized to a zero mean and unit
variance before the training process, While all ground-truth images were converted to binary
images where 1s pixels represent the stone region, and Os pixels represent the background region.
Then, all full images were partitioned based on the stone location component into 3 local images
including top-left partition (Py), right partition (P, ), and bottom partition (FP,) by Egs.(2) - (5)
as described in the first-stage section. Finally, all training and ground-truth partitioned images
were resized to 256x256 before training.
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3.4.2 Reweighting approach to balance stone size inequality

Lesion size inequality problem

Object 1

Object2 _|

E 5 ==

GT Pred, Pred,

Object 1

Obiject 1

| Object2 1 — ObjE!CtZ —

= = il

Dice(GT, Pred,) = 0.68 Dice(GT, Pred;) = 0.68

Figure 3.21: The illustration explaining the lesion size inequality problem when using simple
pixel-wise segmentation metric.

Assume that the ground-truth GT has two objects and we have two predicted results as show in
Fig. 3.21. If we compute the dice coefficient score between the GT' and two prediction examples,
two examples has the same segmentation score. However, only large object can be detected in
example 1, while two objects in example 2 are detected. Problem of pixel-wise segmentation
score such as dice coefficient is that big lesion overshadows small one.

Kidney stone ’-l—h—c. LT T R O T 1) e
Ureteral stone }—I—P—c D T .
Bladder stone l+ L} #

o 1000 2000 3000 4000 5000
Stone size

(a) (b)

Figure 3.22: Stone sizes distribution (a), and an example of cropped stones region showing stone
size imbalance.

From our preliminary experiments, the model trended to miss small stones when training
with the traditional dice coefficient loss or binary cross entropy. The main reason is that large
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lesions overshadow the small ones in loss calculation. Most of the recently proposed loss functions
try to solve the data imbalance problem between classes [611] by adding weight to a loss function
to balance each class, but ignore imbalance between lesion size in the same class. In our case,
abdominal x-ray images usually have multiple stones per image, and some stones can be more
than 100 times larger than small ones, as shown in stone sizes distribution in Fig.3.22(a).

Proposed lesion reweighting approach

% S

Figure 3.23: Ilustration of an inverse weighting result calculated using our lesion reweighting
method. A Weight for every stone is shown near the stone contour.

In this work, we proposed the stone size reweighting method, which is inspired from [62], to
reduce the lesion size imbalance problem during training process. The difference is that our
inverse weighting method does not include the background component because highly imbalance
between the background and stone region makes the weights of stone pixels too high, which
reduced segmentation performance in our case. During the training process, we generated the
tensor of weights for every batch. We split a tensor of ground-truth into N 2-D connected
components. Then, the weight for every pixel inside each component (w;) can be computed by
Eq.(3.18).

1, ifj=0
W=, 2 [Cal . (3.18)
14 &=L otherwise
N -G
where Cp is the background component, and C1, ..., Cy are the connected components [65] of

stones in the current batch. This inverse weighting method assigns the higher weights to small
stones (Fig.3.23), which will be used in loss calculation during the training stage.
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3.4.3 Training methodology
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Figure 3.24: Our U-Net architecture.

In this stage, training images consist of all stone-contained images (I5.) images, stone-synthesized
stone-contained images (G(Is)), and stone-synthesized stone-free images (G(Isf)). Only 1/4 of
the G(I,.) and G(Isf) training samples were randomly selected in each epoch and combined
with the real training samples I;.. The training images were implemented basic augmentation
methods including image rotation [-5, 5|, and horizontal flipping. We selected these augmenta-
tion methods because they are not distorted the image information, and they are also suitable
for our dataset. Then, all training samples were normalized and cropped into 3 partitions using
the corresponding KUB region maps as described in the pre-processing section.

The same U-Net model in the first stage was also used in this task. The architecture of
U-Net model that we used is shown in Fig. 3.24, which the detail is defined in Table 3.1. The
input image (256x256x1) were normalized to [-1, 1] before training, and the output image
(256x256x1) from the Sigmoid activation function is the continuous values between 0 and 1
representing the probability of urinary stone pixels.
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Table 3.1: The detail architecture of the U-net model for urinary stone segmentation.

Layers name Type Output shape
Input Image 256 x 256 x 1
conv2d_1 2D Convolution (3x3) 256 x 256 x 32
conv2d 2 2D Convolution (3x3) 256 x 256 x 32

max_ pooling2d 1

Max Pooling (3x3, s=2)

128 x 128 x 32

conv2d_3 2D Convolution (3x3) 128 x 128 x 64
conv2d 4 2D Convolution (3x3) 128 x 128 x 64
max_pooling2d 2 Max Pooling (3x3, s=2) 64 x 64 x 64
conv2d 5 2D Convolution (3x3) 64 x 64 x 128
conv2d 6 2D Convolution (3x3) 64 x 64 x 128
max_pooling2d 3 Max Pooling (3x3, s=2) 32 x32x 128
conv2d 7 2D Convolution (3x3) 32 x 32 x 256
conv2d 8 2D Convolution (3x3) 32 x 32 x 256
max_ pooling2d 4 Max Pooling (3x3, s=2) 16 x 16 x 256
conv2d 9 2D Convolution (3x3) 16 x 16 x 512
conv2d_ 10 2D Convolution (3x3) 16 x 16 x 512

conv2d transpose 1 | 2D Convolution Transpose (2x2, s=2) | 32 x 32 x 256
concateneted 1 Concatenete 32 x 32 x 512
conv2d 11 2D Convolution (3x3) 32 x 32 x 256
conv2d _transpose 2 | 2D Convolution Transpose (2x2, s=2) | 64 x 64 x 128
concateneted 2 Concatenete 64 x 64 x 256
conv2d_ 12 2D Convolution (3x3) 64 x 64 x 128
conv2d _transpose 3 | 2D Convolution Transpose (2x2, s=2) | 128 x 128 x 64
concateneted 3 Concatenete 128 x 128 x 128
conv2d_ 13 2D Convolution (3x3) 128 x 128 x 64
conv2d _transpose 4 | 2D Convolution Transpose (2x2, s=2) | 256 x 256 x 32

concateneted 4 Concatenete 256 x 256 x 64
conv2d 14 2D Convolution (3x3) 256 x 256 x 32
conv2d 15 2D Convolution (3x3) 256 x 256 x 32
conv2d 16 2D Convolution (3x3) + Sigmoid 256 x 256 x 1

The loss function is very important for training deep learning models. In the research related
to medical images, the Dice score coefficient (DSC), an overlap index, has been widely used to
optimize the segmentation performance. However, the limitation of the Dice loss function is
that it weights false negative (FN) and false positive (FP) equally, which results usually have
high precision but low recall [59]. Moreover, it struggles to segment small ROIs (urinary stones)
because they are very small compared with the image background (Fig. 3.25(a)) and do not
significantly contribute to the network’s loss. Another challenge is that the stones usually have
various sizes which the large stones overshadow small stones in the training process, which is
described in the previous section.
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Figure 3.25: Number of non-stone pixels and stone pixel (a), and the plot between focal Tversky
loss and Tversky index.

In this work, we used focal Tversky loss (FTL) applied with inverse weighting map (iw)
to overcome these challenges. Focal Tversky loss is the generalization of the Dice loss (DL)
balancing importance between FN and FP by « and 3, respectively. Furthermore, it also has
for controlling between easy and hard training samples [60]. When ~ > 1, this loss focuses more
on small T'1 samples that are misclassified (Fig.3.25(b)). The calculation of T'I;,, and F'T Ly, is
defined as Eq. (3.19) and Eq. (3.20), respectively.

N
Y s WiP1igli + €

TIiw == )
SN wiprigni + SN wipeigri + B3 wiprigoi + €

(3.19)

FTLiy = (1 =TIy (3.20)

where py; is the probability of pixel ¢ being a stone and pg; is the probability of pixel ¢ being a
non-stone. While gy, is 1 for a stone pixel and 0 for a non-stone pixel and gg; vice versa. Total
number of pixels in a current batch is denoted by N. € is added in numerator and denominator
term in both formula to avoid division by zero.

This work assumed that higher @ can improve the performance by reducing FN; therefore,
a = 0.7 and 5 = 0.3 were used for weighting more on FN than FP. After we experimented with
high values of v, v = 2.0 had the best performance in our case; thus, we used these values in all
experiments.

We trained the network from scratch for every experiment and used Adam optimizer to
minimize FT L;, with an initial learning rate of 1073, During training, whenever validation loss
has not decreased by at least 10~% for 10 epochs, the learning rate is divided by 2 while the
minimum learning rate is set as 5 x 10~%. Model was trained for 150 epochs with a batch size
of 12 images for all experiments.
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Figure 3.26: Illustration of a comparison between bladder stones (1% row) and phleboliths (
row) from our dataset.

2nd

3.4.4 Post-processing Stage for False Positive Reduction
Phleboliths

Calcifications of tiny veins or phleboliths, as shown in Fig. 3.26 (bottom), are prevalent in
bladder region and can be difficult even for an expert to identify from urinary stones in this
location (top). Several studies have reported that urinary stones and phleboliths present differ-
ent morphological structures and characteristics, however, the classification is still challenging
especially for the x-ray modality |66, 67].

Based on our preliminary experiments, the false-positive results usually occurred in the
bladder region, which has two main reasons: the similar characteristics of phleboliths and the
limited positive samples in this region. To solve these problems, our work proposed GAN-based
stone inpainting augmentation to increase the amount of samples in this region, and bladder
stones classification to reduce the false-predictions, which will be described in the following
sections.

Pretrained Model for Bladder stones detection

We proposed the detection of false bladder stone by training the classification model to distin-
guish between bladder stones and phleboliths. To prepare the dataset using for training the
network, We manually cropped 150 images of the bladder stone and phleboliths as well as the
paired stone masks from the training images dataset.

The pre-trained VGG16 network (Fig.3.27), which were trained by ImageNet dataset, was
used for training and fine-tuned with our dataset only for the fully-connected (FC) layers. The
input image was the concatenation of the cropped image, stone mask input, and zeros images,
and was resized to 224 x 224 pixels. The pre-trained model was trained using Focal binary cross
entropy loss for 150 epochs. Image augmentation methods including image rotating [-20, 20],
horizontal flipping, vertical flipping, and image zooming [0, 0.1] were implemented during the
training process to increase the number and diversity of training images.

Post-processing

In post-processing stage, we used the trained bladder stone classification model to remove the
false-positive predictions in the bladder partition from the segmentation map of the 27¢ stage
segmentation network. The candidate lesions (bladder stones) were cropped by the each con-
nected components, and used as the inputs for bladder stones detection network. The candidate
lesions that has the predicted score lower than 0.5, which predicted as the false prediction, will
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Figure 3.27: Bladder stone detection using pretrained VGG16 model.
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Figure 3.28: Bladder stone detection using pretrained VGG16 model.

be removed. Lastly, the full-scale segmentation outputs then multiplied with the correspond-
ing stone location maps produced from the 1% stage segmentation network to remove the false
predicted lesions outside of the urinary organ region.
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Chapter 4

Evaluation

4.1 Evaluation methods

4.1.1 Pixel-wise Evaluation

As our dataset is a high imbalance problem, a simple pixel-wise accuracy metric, comparing
every pixel between the prediction and gold standard stone mask is not suitable in our case
(the blackground pixel will dominate the overall result). In common image segmentation task,
the segmentation results are evaluated by segmentation-based results, which focus only the
foreground object(s), and ignore the background component. Therefore, we can obtain these
confusion matrix including:

1.) True positive (TP) A test pixel that correctly predicts as the stone pixel.

2.) False negative (FN) A test result which wrongly predicts as the non-stone pixel, but the
ground-truth is stone pixel.

3.) False positive (FP) A test result which wrongly predicts as the stone pixel, but the
ground-truth is non-stone pixel.

Then, the pixel-wise metrics include recall, precision, and F-score can be computed using

TP, FN, and FP values as indicated in Egs.(4.1 - 4.3).

TP

ll=——— 4.1

Recall = 2 b FN (4.1)
TP

Precision = m (42)

(1+ B?) - Precision - Recall
(B? - Precision) + Recall

Fp = (4.3)

Because the stone pixels are more important than the non-stone pixels, F5 is suitable in our
case.
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4.1.2 Region-wise Evaluation

== threshold (50%) < threshold (50%)
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Figure 4.1: Region-wise evaluation method.

Although conventional pixel-wise evaluation has been used in many segmentation tasks, it has
a drawback in the multiple lesion detection because big lesions overshadows the small ones.
Therefore, we also evaluated the results by using the region-wise metrics, measuring the detection
performance based on the ground-truth stones and predicted stones.

In every testing image, each connected component of stone-ground truth (G;) is compared
with the predicted stone connected component P that overlaps ;. Total region-wise true
positive (T'P,), false negative (F'N,) can be defined in Eqgs. 4.4, and 4.5, respecively.

N
G; N _
TP, = ;Gi[ G > 0.5] (4.4)
N
G;N
FN, = ;Gi[ G < 0.5] (4.5)

where the stone ground-truth have total N connected components .

To compute false positive (F'P,), each predicted connected component (P;) is compared with
the ground truth that overlaps P;. Then, F'P. can be defined as Eq. 4.6.

Mo PN
FP, = § Py jp < 0.5] (4.6)
j=1 !

where the predicted stones have total M connected components.

By using the region-wise evaluation metric, the difference between lesion’s size does not effect
to these scores. Then, TP., F'N,, and F P, were used to compute region-wise recall, precision,
and F score, as display in Eqs. (4.7 - 4.9), respectively. We selected to use F» score that has a
higher weight in F'N,. than FP,; as we focused more on the detection of urinary stones, which
some increasing false positive as a trade-off was acceptable.
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TP,

= s o 4.
Recall TP 1 FN, (4.7)
. TP,
Precision = TP 1 FP, (4.8)
Py — (B? +1) - Precision,. - Recall, (4.9)

(B? - Precision,) + Recall,

4.1.3 T-Test : Comparing Group Means

A t-test is a type of inferential statistic used to determine if there is a significant difference
between the means of two groups.

1.) The null hypothesis (HO) : "the two population means are equal" (u1 = u2)
2.) The alternative hypothesis (H1) : "the two population means are not equal" (u1 #p2)
where pq and po are the population means for group 1 and group 2, respectively.

This statistical analysis is useful for comparing the two groups results from cross validation
experiments. In this work, we used independent samples t-test which is defined as Eq. (4.10).

(4.10)

where

Z = Mean of first sample

1y = Mean of second sample

n = Sample size of first sample

m = Sample size of second sample

s; = Standard deviation of first sample
sy = Standard deviation of second sample

The calculated t value is compared with the critical t value from the t-distribution (Fig.4.2)
with degrees of freedom (n + m - 2), and confidence level (p < 0.05). If the calculated t value
> critical t value, then we reject the null hypothesis, meaning that the two population means
are not equal.
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4.2 Stone Location Map Experiments

4.2.1 Experiment setup

We used total 750 full plain x-ray images in the first stage experiment; consisted of 70% training
images, 10% validating images, and 20% testing images. All testing images were processed by
the 1%¢ stage U-Net model and converted to the binary images using a 0.5 threshold value. Then,
we evaluated the results of this task using simple pixel-wise metrics including recall, precision,
and F) score.

4.2.2 Results and Discussion

Training and validating dice coefficient loss graph of stone location map segmentation is displayed
in Fig.4.3. The training and validating loss was decreased rapidly in the first 20 epochs. Then,
the validating loss was almost stopped decreasing, while training loss was continue decreasing
(over-fitting).

history loss

— frain
- validation

0 20 40 60 80 100
epoch

Figure 4.3: Training and validating dice coefficient loss graph of stone location map segmenta-
tion.
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Table 4.1: Pixel-wise evaluation of the stone location map segmentation measured by recall,
precision, and F} score (average + S.D. %).

Recall (%) Precision (%) Fy score (%)
Average (£S.D.) | Average (4+S.D.) | Average (£S.D.)
1st stage
N 0.84 (£0.05) 0.90 (£0.04) 0.87 (£0.03)

Pixel-wise the stone location map segmentation results (mean + s.d.) is presented in Tables I.
Our first stage U-Net can produce 0.84% recall, 0.90% precision, and 0.87% F} score. Examples
of stone location map result are displayed in Fig.4.4. The top-five best results, showing in the
first row, demonstrate that these maps can represent the kidneys, ureters, and bladder region
and our stone location map generated by the U-Net model corresponds to the characteristics of
input abdominal x-ray images. The top-five lowest F-score results, showing in the second row,
demonstrate that although the stone location map results are not segmented precisely compared
with the ground-truth, the overall results can still represent the approximate location of the
urinary organs and have the dice coefficient more than 0.79 for every testing images, which is
acceptable result in this stage. Example of plain abdominal x-ray images (top), and their KUB
region maps (bottom) are shown in Fig.4.5. From these example results, the shape of KUB
region map created by the generated stone location map are varied based on the characteristics
of input abdominal x-ray images.

Figure 4.4: Illustration of stone location map results from the 1% stage U-NET; plain x-ray
images are overlaid with the predicted map and ground-truth map where TP, FP, and FN pixels
are shown in yellow, red, and green, respectively. The first row images are the top-five highest
F-score results and the second row images are the top-five lowest F-score results.
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Figure 4.5: Plain abdominal x-ray images (top), and their KUB region maps where kidneys,
ureters, and bladder regions are represented in red, green, and blue, respectively.

4.3 Urinary Stones Synthesis Experiments

4.3.1 Experiment setup

We used full abdominal x-ray images consisted of 1,159 Iy, and 740 I,; for the urinary stones
segmentation experiment. The ground-truth masks of urinary stones were manually drawn by the
urology experts for every stone-contained image. We evaluated segmentation performance using
five-fold cross-validation. Ig. samples were divided into 64% training images, 16% validating
images, and 20% testing images in each validation experiment. G(I.) and G(Is) dataset
were used only as additional training samples for the network. All dataset for urinary stones
segmentation are displayed in Table 4.2. The stones segmentation results were evaluated using
pixel-wise and region-wise metrics as described in 4.1.

Table 4.2: Abdominal x-ray dataset for urinary stones segmentation.

Real Synthetic
. (G0 | G Total
Train 740 | 7400 7400 | 15540
Train per epoch | 740 370 370 1480
Validate 185 - - 185
Test 234 - - 234

4.3.2 Results and Discussion
Image quality assessment of inpainted images

We evaluated the quality of inpainted images using full-reference image quality assessment (FR-
IQA) methods including MSE, PSNR, and SSIM [68], as shown in Table 4.3. Fig. 4.6 illustrates
the results of an inpainting network implemented for testing samples. The input images in the
stone region were trained to generate both a stone region and its surrounding region in the
missing region as illustrated in Fig. 4.6 (columns 1-5), whereas the input images in non-stone
regions were trained to fill the missing regions as illustrated in Fig. 4.6 (columns 6-10).
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Figure 4.6: Illustration of the original cropped stone region images (1%¢ row), input images for
the stone inpainting network(2"? row), and synthesized urinary stone results generated by the
stone inpainting network (3"% row).

Table 4.3: Image quality assessment of our inpainted stone and non-stone results.

IQA Testing samples Average
methods | Stone mask | Non-stone mask
MSE 0.00009 0.00007 0.00008
PSNR 42.54418 43.32517 42.93468
SSIM 0.99318 0.99342 0.99330

Segmentation results by the model trained synthetic training data

In this experiment, we compared the pixel-wise and region-wise segmentation results of the
MultiresUnet model trained with different training data, namely, real stone-contained (Is.),
real stone-free (I,y), synthetic stone-contained (G(I.)), and synthetic stone-free (G(Iss)). The
model trained with only I, was selected as the baseline because its pixel-wise and region-wise
F' score was superior to that of the model trained with both I, and Isr. The results in Table
4.4 and 4.5 demonstrate that our proposed synthetic training data could significantly improve
segmentation results when compared to a baseline, and the model trained with Is., G(Is.), and
G(I,y) could achieve the highest scores in all pixel-wise scores and region-wise recall, region-wise
F1, and region-wise Fy scores. The proposed method outperformed the baseline 2.12% pixel-
wise F score (67.47 % to 69.59 %), and 2.13% region-wise F score (66.01 % to 68.14 %). For
region-wise evaluation, these synthetic training samples significantly improved recall scores in
all experiments; thus, the improvement is obviously seen in region-wise F5 score, in which FNs
are weighted more than FPs. Fig. 4.7 shows the 5-fold cross validation training loss and dice
coefficient for a baseline (real) and the proposed method (real+syn.), demonstrating that the
proposed method’s validation loss was lower than a baseline and its validation dice coeflicient
was also higher than a baseline.

Additionally, we performed statistical analysis on pixel-wise and region-wise F} score results
using an independent two-sample t-test comparing the baseline method to those trained with
real and synthetic training data, as shown in Fig. 4.8. For pixel-wise evaluation, Is.+G(Is.),
I +G(Igf), and I+ G (Is.) +G(1p) training data all have a significantly higher F score than the
baseline (p < 0.05). For region-wise evaluation, MultiResUnet model trained with I,.+G(Isy),
and Is.+G(Is)+G(Isf) can improve Fi score significantly (p < 0.05).

From the evaluation results, MultiRes U-Net model has the higher scores in both pixel-wise
and region-wise scores than the U-Net model, which has 3-times lower parameters, when using
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Figure 4.7: The comparisons of training and validation losses (left) and dice coefficients (right)
in 5-fold cross validation for the MultiResUnet model trained with different training data.

Table 4.4: Pixel-wise and region-wise evaluation of segmentation results measured by recall,
precision, and Fpg score (average + S.D.%) of the MultiResUnet model trained with different

training data.

Training data Pixel-wise evaluation
Real Synthetic Recall (%) Precision (%) F1 score (%)
T,. - 72.05 (£2.01) | 63.05 (£L1.76) | 67.47 (£0.54)
Lo + Iy | - 71.29 (£0.59) | 63.46 (£2.60) | 67.13 (£1.67)
I G(Ie) 72.18 (£1.14) | 65.52 (£1.04) | 68.68 (0.60)
I, G(L,y) 72.07 (£0.71) | 66.07 (£0.38) | 68.97 (+0.34)
I, G(Ie)+G(Iy) | 72.84 (£1.65) | 66.65 (£0.97) | 69.59 (£0.45)

Table 4.5: Region-wise evaluation of segmentation results measured by recall, precision, and Fg
score (average = S.D.%) of the MultiResUnet model trained with different training data.

Training data Region-wise evaluation
Real Synthetic Recall (%) Precision (%) F1 score (%) | F2 score (%)
I.. - GL.11 (£1.92) | 68.02 (£3.36) | 66.01 (£1.09) | 64.86 (£1.19)
Lo+ Iy | - 61.99 (£1.31) | 66.40 (£3.35) | 64.12 (£1.90) | 62.82 (£1.38)
L. G(I..) 65.04 (£0.81) | 68.93 (£0.62) | 66.93 (£0.36) | 65.73 (£0.61)
I, G(l,s) 65.42 (£1.33) | 70.57 (£0.93) | 67.90 (£0.82) | 66.39 (£1.10)
I, G(le) +G(Iyy) | 66.74 (£1.86) | 69.60 (£1.96) | 68.14 (£1.12) | 67.29 (£1.45)
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the same training data comparisons. Although, models trained with only synthetic training
samples has very low scores, synthetic samples are useful when combining them with the real
samples in the training data as shown in the improvements of F5 score compared to the baseline’s
results. These synthetic training samples can increase recall score, for all experiments while the
precision score is decreased in region-wise evaluation. These results mean that the models trained
with real and synthetic samples detect more stone, and also predict more false positive results
as the trade-off.
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Figure 4.8: The comparison of pixel-wise (left) and region-wise (right) Fj score of the MultiRe-
sUnet model trained with different training data.

Experimental results by Unet-based models

In addition, we compared the state-of-the-art Unet-based models trained with only real stone-
contained data (Is) to those trained with both real stone-contained and all synthetic data
(Isc+G(Ise)+G(I5)). The Unet-based models used in this experiment are the original U-Net,
ResUnet, Unet-++ [?], Attention Unet, MultiResUnet , TransUnet, and UTNet. In comparison
to other Unet-based models, the MultiResUnet model has the highest recall and Fj scores for
pixel-wise results, and the highest recall, F}, and F5 scores for region-wise results. While Unet++
trained on real combined with synthetic samples has the best pixel-wise precision, and the one
with only real data has the best region-wise precision. As shown in the pixel-wise and region-wise
evaluation results in Table 4.6 and 4.7, all models trained on real data with additional synthetic
training data (G(I.) and G(If)) achieved higher pixel-wise Fj score, region-wise Fi, and F»
scores than the baselines that was trained with only real data.

Furthermore, we investigated the effect of the stone size on the region-wise recall. All urinary
stones were classified according to their size, including small-sized stones (0-200 pixels), medium-
sized stones (201-500 pixels), and large-sized stones (> 500 pixels) based on the image’s resolution
of 1,024 x 1,024 pixels. The comparison of recalls across different stone size groups in Fig. 4.9
demonstrates that while all baseline models detected large stones well (recall > 0.8), their
performance deteriorated significantly for medium and small stones. The addition of synthetic
training samples (G(Is.), and G(Is.)) significantly improved the region-wise recall for all models,
particularly for small stones, but had a slight effect on recall scores for medium and large stones.
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Table 4.6: Pixel-wise and region-wise evaluation of segmentation results measured by recall,
precision, and Fp score (average + S.D. %) by state-of-the-art Unet-based models trained with
different training data.

Training data

Pixel-wise evaluation

Model Real | Syn. Recall (%) Precision (%) F1 score (%)
U-Net v - 7113 (£1.95) | 64.31 (£157) | 67.51 (£0.43)
U-Net v v | 7128 (£1.08) | 66.6 (£0.88) | 68.86 (£0.73)
ResUnet v . 68.13 (£2.37) | 66.37 (£1.16) | 67.21 (£1.11)
ResUnet v v | 6840 (£1.02) | 68.02 (£1.18) | 68.20 (+0.73)
Unet++ v ; 66.86 (£1.20) | 67.19 (£1.67) | 67.02 (£1.05)
Unet ++ v v | 68.02 (£1.48) | 68.74 (+1.58) | 68.35 (+0.09)
Attention Unet | v : 70.57 (£0.96) | 63.20 (£1.12) | 66.67 (£0.48)
Attention Unet | v/ v 71.29 (£1.27) 64.24 (+0.80) 67.58 (£0.73)
MultiResUnet | . 72.05 (£2.01) | 66.07 (£1.76) | 67.47 (£0.54)
MultiResUnet | v v | 72.84 (£1.65) | 66.65 (£0.97) | 69.59 (£0.45)
TransUnet v ; 67.83 (£1.25) | 60.94 (£2.83) | 64.16 (£1.38)
TransUnet v v | 6479 (£0.54) | 69.02 (£1.32) | 66.83 (£0.48)
UTNet v ; 65.21 (£3.23) | 60.10 (£1.93) | 62.49 (£1.29)
UTNet v v 66.46 (£1.97) | 6171 (£1.03) | 64.00 (£1.44)

Table 4.7: Region-wise evaluation of segmentation results measured by recall, precision, and Fg
score (average + S.D. %) by state-of-the-art Unet-based models trained with different training

data.
Model Training data Region-wise evaluation
Real | Syn. Recall (%) Precision (%) F1 score (%) | F2 score (%)
U-Net % - 62.68 (£1.00) | 68.83 (£0.82) | 65.62 (£0.50) | 63.83 (£0.77)
U-Net v v | 6477 (£1.80) | 69.61 (£1.64) | 67.10 (£1.21) | 65.68 (£1.50)
ResUnet v - 60.05 (£2.69) | 71.08 (£1.35) | 65.10 (£1.27) | 61.98 (£2.16)
ResUnet v o| v | 6121 (x1.00) | 70.97 (£2.20) | 65.73 (+0.93) | 62.94 (+0.93)
Unet | + v - 58.79 (£1.48) | 71.63 (£2.94) | 64.58 (+1.87) | 60.98 (+£1.57)
Unet++ v v | 6164 (£1.08) | 70.05(£2.36) | 65.58 (£0.81) | 63.16 (£0.73)
Attention Unet | v - 62.85 (+£0.46) | 67.91 (£1.33) | 65.28 (£0.47) | 63.80 (+0.27)
Attention Unet | v v | 6532 (£1.00) | 67.65 (£1.13) | 66.46 (£0.20) | 65.77 (£0.69)
MultiResUnet | - 64.11 (£1.92) | 68.02 (£3.36) | 66.01 (£1.09) | 64.86 (+1.19)
MultiResUnet | « v | 66.74 (£1.86) | 69.60 (+1.96) | 68.14 (+1.12) | 67.29 (41.45)
TransUnet v - 58.14 (+1.96) 61.05 (£5.20) 59.56 (£2.37) 58.70 (+1.60)
TransUnet v v | 57.21 (£0.68) | 68.96 (£1.29) | 62.53 (£0.68) | 59.22 (£0.62)
UTNet v ; 5S.48 (£3.24) | 64.26 (£1.69) | 61.24 (£2.33) | 59.55 (£2.88)
UTNet v v 62.49 (£1.27) | 64.70 (£3.40) | 63.58 (£2.24) | 62.92 (£1.63)
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Figure 4.9: The comparison of region-wise recalls of state-of-the-art methods trained with and
without synthetic training samples in different stone size groups.

This method, by increasing the number of positive training data G(Is) and G(Isf), can
support the network in learning to segment urinary stones using a wider variety of images. This
method augments the number and variety of positive training samples, which is important when
training deep learning to detect urinary stones with irregular shapes, locations, or background
properties. Although lower region-wise precision in some models means the model is more likely
to predict more FPs when trained with synthetic images, the model also detects more TPs as a
trade-off, as evidenced by a significant increase in region-wise F» score.

This augmentation method is important for medical imaging applications, where the number
of positive cases is typically less than the negative cases. This method is important for medical
imaging applications in which the number of positive cases is typically lower than the number
of negative cases. By utilizing existing medical images of healthy samples, this method can
also be used to reduce the number of actual positive samples required and also improve the
segmentation performance of deep learning models.
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Figure 4.10: Mean ROC curve of bladder stone classification model for 5-fold cross validation.

Table 4.8: Bladder stone classification results measured by recall, precision, and accuracy (av-
erage + S.D.).

Recall Precision Accuracy
Average (£S.D.) Average (£S.D.) Average (£S.D.)
0.76 (£0.09) 0.83 (0.03) 0.80 (%0.05)

4.4 False Bladder Stones Detection

The pre-trained VGG16 fine-tuned with our dataset was evaluated using 5-fold cross validation,
with 120 cropped-stone images for training and validating, and 30 images for testing, including
15 bladder stone images, and 15 non-bladder stone images. The classification model achieved
0.84 (£ 0.04) AUC, as shown in the ROC curve (receiver operating characteristic curve) in
Fig. 4.10. The model achieved 0.76 (£ 0.09) recall, 0.83 (+ 0.03) precision, and 0.80 (£ 0.05)
accuracy, as shown in Table 4.8.

The detection of false bladder stones was implemented in the post-processing of urinary
stones segmentation by 2"? stage network to reduce false positive results. We compared the
region-wise segmentation results between the proposed method implementing the proposed false
bladder stones detection and the one without it as shown in Table 4.9. Although, this method
reduced the region-wise recall (71.84% to 70.36%), it improved the precision (65.55% to 67.76%)
and F} score (68.55% to 69.03%). The segmentation results comparing between the proposed
method with and without post-processing is shown in 4.11, which the proposed post-processing
stage can reduce the false prediction in bladder region.
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Table 4.9: Comparative stones segmentation results between the proposed method with and
without false bladder stone detection measured by region-wise recall, precision, and F; score
(average + S.D.%).

False stones Recall (%) Precision (%) F score (%)
detection  Average (£S.D.) Average (£S.D.) Average (£S.D.)

X 7184 (£1.42) 6555 (£2.41)  68.55 (£1.44)

v 70.36 (£1.18)  67.76 (£1.87)  69.03 (£1.21)

INPUT STONE MASK PROPOSED PROPOSED + POST-PROCESSING

Figure 4.11: The comparison results between proposed method without post-processing and the
proposed method implemented post-processing.
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Table 4.10: Pixel-wise evaluation of segmentation results (average+S.D.%) by different training
methods. The highlight cells represent the scores that difference compared with the baseline are
statistically significant (p < 0.05).

Method Recall (%) Precision (%) F score (%) Fy score (%)
Baseline 60.04 (£1.17)  62.94 (£2.26)  66.22 (£0.96)  63.40 (£0.65)
Baseline + iw. 72.29 (£1.72)  61.07 (£1.69)  66.18 (+£0.54)  69.70 (£0.92)
Baseline + aug. 7181 (£0.67)  62.59 (£1.47)  66.87 (£0.85)  69.74 (+1.16)
Baseline | aug. | iw.  74.10 (£1.94)  60.77 (£1.24)  66.76 (£0.93)  70.97 (+1.38)
Baseline -+ part. 70.42 (£0.86)  64.57 (£1.77) 67.36 (£1.29)  69.16 (+1.01)
Baseline + part. |+ iw. | 73.45 (£1.15)  61.87 (£0.56)  67.16 (£0.45)  70.80 (£0.80)
Bascline + part. + aug. 7172 (£0.33)  64.00 (£0.63)  67.64(£0.30)  70.03 (£0.21)

Proposed 73.86 (+£1.08) 62.57 (+£0.73)  67.74 (£0.17) 71.28 (+0.64)

4.5 Urinary Stones Segmentation Experiments

4.5.1 Experiment setup

We evaluated urinary stones segmentation performance by implementing the proposed frame-
work using 5-fold cross-validation. Stone-contained (Is.) samples were divided into 64% training
images, 16% validating images, and 20% testing images in each validation experiment. Stone-
free (I5¢) samples were used only in experiments using stone-embedding augmentation. The
predicted results were produced by passing the input images to the U-Net model trained with
different approaches and then converting the output in the last layer to a binary image using a
0.5 threshold value.

4.5.2 Overall Urinary Stones Segmentation Results

Pixel-wise and region-wise evaluation of urinary stones segmentation results (mean =+ s.d.) are
presented in Tables 4.10 and 4.11, respectively. For comparison, we chose the U-Net model
trained with full real stone-contained images I, as the baseline method. Based on our pixel-wise
and region-wise results, all experiments can outperform the baseline in pixel-wise and region-
wise recall and F5 scores. Our proposed method, the model trained with partitioned real and
synthesized images, and implementing inverse weighting map (Partitioned I + G(Is.) + G(Isy)
+ iw), achieves the highest recall and F» score in both pixel-wise and region-wise evaluation.
Although this method produces a lower precision score than the baseline, it significantly improves
the recall score as a trade-off, which can outperform the baseline 8.18 % pixel-wise (56.65 % to
64.83 %) and 8.67% region-wise Fy score (62.19 % to 70.86 %), respectively.

4.5.3 Effect of each proposed method

In this section, we further investigated the effect of each parameter, including input type (full vs.
partition), training data (real vs. real + synthetic), and inverse weighting (with vs. without).
We evaluated both pixel-wise and region-wise F5 score and present the statistical analysis based
on the independent two-sample t-test between pairs.
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Table 4.11: Region-wise evaluation of segmentation results (average+S.D.%) by different training
methods. The highlight cells represent the scores that difference compared with the baseline are
statistically significant (p < 0.05).

Method Recall (%) Precision (%) F| score (%)  Fy score (%)
Baseline 61.04 (£1.49)  67.27 (£2.15)  64.00 (£1.05)  62.19 (£L.17)
Baseline + iw. 66.79 (£1.59)  61.85 (£1.34)  64.23 (£0.77)  65.74 (£1.12)
Baseline | aug. 65.26 (£1.15)  66.17 (£2.04)  65.71 (£1.40)  65.44 (£1.18)
Baseline + aug. | iw.  69.10 (£1.88)  61.00 (£1.45)  64.85 (£0.96)  67.33 (+1.36)
Baseline + part. 64.77 (£0.79)  72.16 (+3.52) 68.26 (£1.48)  66.12 (£0.69)
Baseline + part. | iw. 68.82 (£0.98) 67.24 (£0.82)  68.02 (£0.60)  68.50 (£0.77)
Baseline + part. + aug. 66.96 (£0.92)  70.76 (£1.17)  68.81 (+0.83)  67.69 (+£0.84)

Proposed 70.36(+1.18) 67.76 (£1.87)  69.03 (£1.21) 69.82 (£1.08)

Input Type: Full vs. Partitioned

All experiments of the U-Net model trained with partitioned images demonstrated a significant
improvement in pixel-wise and region-wise scores when compared with their paired experiments
trained with full image inputs. Instead of receiving entire images as inputs, the second stage
U-Net in our cascaded U-Net pipeline processed each partition cropped by KUB region maps.
This approach can preserve more information, especially in pixels of small stone, which can be
lost during the image scaling and downsampling. Furthermore, the usage of KUB region maps
derived from the 15! stage U-Net model can alleviate the imbalance problem between stones and
background by removing irrelevant pixels outside urinary tract region.

Training Data: Real vs. Real + Synthetic

Our proposed stone synthetic augmentation reduced the need for actual positive samples and
utilized normal images to improve the performance of the deep learning model. When compared
to those without this augmentation, the experimental results show that this method significantly
improved recall and F5 score. This method increases the number and variety of positive training
samples, which is important for training deep learning models to detect urinary stones in unusual
shapes, locations, or background properties. Lower precision results, on the other hand, indicated
that the model trained with stone-embedded images was increasingly predicting false positives.
This increased false prediction is thought to be due to the fact that some training augmented
stones may not appear realistic enough.

Inverse Weighting Map: With vs. Without

The inverse weighting method compensates for the effect of stone size imbalance on loss calcula-
tion by multiplying the high weight assigned to small connected components and the low weight
assigned to large connected components. Although the precision was decreased when applying
this method, the recall was increased as well. These results indicated that the model could
detect more stones while also predicting false ones. The results show that using this method
with the FTL significantly improved the Fb score when compared to those without it.
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Figure 4.12: The comparison of region-wise F score in different stone size groups.

4.5.4 Stone size vs. region-wise [

We also investigated the effect of the stone’s size on the segmentation performance (region-wise
Fy score). Firstly, all urinary stones in testing data were classified into 3 categories based on
their size, including small-size stones (0-200 pixels), medium-size stones (201-500 pixels), and
large-size stones ( > 500 pixels), which the image’s size is 1,024 x 1,024 pixels. The result in
Fig. 4.12 shows that the region-wise I} score was relative to the stone’s size, which the larger
stones are more detected than the small ones in all experiments. The baseline U-Net model can
detect the large stones very well, but the its performance dramatically decreases in small and
medium stones. This result also indicated that U-Net model implemented all proposed method
(Proposed.) could significantly enhance F score, particularly for small-sized and medium-sized
stones, which produced the highest F} score in these categories.

4.5.5 Anatomical region of the stone vs. region-wise F}

For evaluating the stone in different anatomical regions and region-wise F score, we separated all
urinary stones into 3 categories based on their location, including kidneys, ureters, and bladder,
by using the KUB region maps. The result in Fig. 4.13 shows that stone detection performance
decreases significantly in the bladder region, which has the lowest number of stones. The results
of stones in ureters region shows that the experiments using partitioned inputs by a two-stage
framework significantly produce higher recall scores than the ones using full image inputs. The
result of stones in the bladder region shows that our proposed method produces the highest recall
score compared to others. Additionally, we investigated the recall scores in 9 categories based
on their stone-size and stone-region groups as shown in Fig.4.14. The comparison in this figure
shows that the proposed method can improve the stone detection performance in almost every
categories. Particularly in difficult categories, our proposed method can achieve higher than
33.5% (9.5% to 43%) in small-bladder category, and 21% (41% to 62%) small-ureters category,
produced by the baseline method.
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Figure 4.14: Recall results of baseline U-Net model (a), and U-Net model with proposed method
(b).
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4.5.6 Qualitative Comparison

The illustration shown in Fig.4.15 is a comparison between urinary segmentation results, which
the baseline method and our proposed method can detect all stones in images correctly. The
two-stage pipeline of our proposed method, which uses partitioned input, can produce a little
more precise segmentation results than the baseline, which uses the full image input. Therefore,
from these example results, the pixel-wise score from the proposed method are a little better
than the baseline, while the region-wise scores from both methods are equal.

Input Ground Truth Baseline Proposed

Figure 4.15: Illustration of a comparison between urinary stone segmentation results by a base-
line method and those by our proposed method (the heatmap visualization displays predicted
stone regions), which both methods can detect all stones.

The illustration shown in Fig.4.16 is a comparison between urinary segmentation results,
which our proposed method can detect all stones in images correctly, while some stones are
missed in the results by a baseline method. Fig.4.14 shows that our proposed method can detect
the stone in difficult region better than the baseline method. For examples, the stone near bone
structure can be detected only in our segmentation result. The stones shaded by a bowel gas
loop (Fig.4.14 (row 2-4)) are missed in the baseline method, while those by our method can be
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detected.

Input Ground Truth Baseline Proposed

Figure 4.16: Illustration of a comparison between urinary stone segmentation results by a base-
line method and those by our proposed method (the heatmap visualization displays predicted
stone regions), which the proposed methods can detect all stones, while some stones are missed
by a baseline method.

The illustration shown in Fig.4.17 is a comparison between urinary segmentation results,
which our proposed method can detect all small stones (area < 200 pixels) in images correctly,
while some small stones are missed in the results by a baseline method. Our proposed method,
using partitioned input and implementing inverse weighting map for loss calculation, can detect
the small stones better than the baseline method.
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Figure 4.17: Illustration of a comparison between urinary stone segmentation results by a base-
line method and those by our proposed method (the heatmap visualization displays predicted
stone regions), which the proposed methods can detect all stones, while all small stones are
missed by a baseline method.

The illustration shown in Fig.4.18 is a comparison between urinary segmentation results,
which our proposed method can detect all stones in ureters and bladder region correctly, while
some stones in these region are missed in the results by a baseline method. The stone detection
in these region is difficult and usually missed because of the small training data in these case.
Furthermore, the stones in ureters usually small and overlapped with the bone structure (pelvic
bone) or very closed to spine. Our proposed method, using partitioned input, implementing
inverse weighting map, and training with synthetic samples, can improve the segmentation
results in this case.



Proposed

Figure 4.18: Illustration of a comparison between urinary stone segmentation results by a base-
line method and those by our proposed method (the heatmap visualization displays predicted
stone regions), which the proposed methods can detect all stones in ureters and bladder region,
while all stones in these regions are missed by a baseline method.

Although the overall metrics indicated that our proposed method has a better performance
for stones detection than a baseline, there are some case, which a baseline can perform better
than ours. The illustration shown in Fig.4.19 is a comparison between urinary segmentation
results, showing the testing images which the baseline method can detect stones more correctly
than our proposed method.



Ground Truth

Figure 4.19: Illustration of a comparison between urinary stone segmentation results by a base-
line method and those by our proposed method (the heatmap visualization displays predicted
stone regions), which a baseline method can perform better than ours.

The illustration shown in Fig.4.20 is a comparison between urinary segmentation results,
which the baseline and our proposed method can not detect the stone in these images. These
false negative results usually occur in small stones and stones in bladder region. Although some
stone such as the one in Fig. 4.21 (3,4 row) is not a small stone, it is hardly visible, which is
difficult to be detected by the model.
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Ground Truth Baseline Proposed

Figure 4.20: Illustration of example false negative results by a baseline method and those by
our proposed method.

The illustration shown in Fig.4.21 is a comparison between urinary segmentation results,
showing false positive case. The lower region-wise precision score of our proposed method
indicates when the model can predict more stone, the false positive results are increased as
well.
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Input Ground Truth Baseline Proposed

Figure 4.21: Ilustration of example false positive results by a baseline method and those by our
proposed method.

4.5.7 Comparisons with State-of-the-art Deep Learning Model

In this section, we compared U-Net-based models implemented with our proposed method (par-
titioned input + stone-embedding augmentation -+ inverse weighting map) and the baseline
U-Net-based models, which were trained using full images without any proposed method. The
U-Net variants that we experimented included U-Net, ResUnet, Unet++, Attention Unet, Mul-
tiResUnet, and TransUnet models.

The pixel-wise and region-wise evaluation results are shown in Table 4.12 and 4.13, respec-
tively. Unet++ model with the proposed methods has the highest pixel-wise F-score, while
MultiResUnet model has the highest region-wise F-score for both baseline approach and the
one employing the proposed methods. Plain U-Net model implementing the proposed methods
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Table 4.12: Pixel-wise evaluation of segmentation results measured by recall, precision, and Fg
score (average + S.D. %) by Unet-based models with and without our proposed pipeline.

Pixel-wise evaluation

Model Recall (%) Precision (%) Fy score (%)
Unet 60.04 (£1.17)  62.94 (£2.26)  66.22 (£0.96)
Unet w/ proposed. 73.86 (£1.08)  62.57 (£0.73)  67.74 (£0.17)
ResUnet 6842 (£1.03)  63.23 (£0.93) _ 65.72 (£0.30)
ResUnet w/ proposed. 70.94 (£1.50) 64.27 (£1.25) 67.43 (£0.64)
Attention Unet 67.01 (£2.90)  61.62 (£1.57)  64.59 (£1.80)
Attention Unet w/ proposed. | 73.90 (£0.67)  60.90 (+1.12) 66.76 (£0.62)

Unet++ 6847 (£1.13)  63.35 (£1.62)  65.79 (£0.84)
Unet++ w/ proposed. 69.00 (+£1.85) 66.87 (+1.91) 67.88 (+0.57)
MultiResUnet 7271 (£1.24)  62.20 (£3.12)  67.05 (£1.49)
MultiResUnet w/ proposed. 72.64 (£1.62) 63.57 (£1.18) 67.79 (£0.71
TransUnet 67.83 (£1.25)  60.94 (£2.83)  64.16 (£1.38
TransUnet w/ proposed. 67.86 (+£2.59) 65.02 (+1.28) 66.39 (£1.41

Table 4.13: Region-wise evaluation of segmentation results measured by recall, precision, and
Fp score (average = S.D. %) by Unet-based models with and without our proposed pipeline.

Region-wise evaluation

Model Recall (%) Precision (%) F score (%) F, score (%)
Unet 61.04 (£1.49)  67.27 (£2.15)  64.00 (£1.05)  62.19 (£L1.17)
Unet w/ proposed. 70.36 (£1.18)  67.76 (£1.87)  69.03 (£1.21)  69.82 (£1.08)
ResUnet 60.00 (£1.15)  66.65 (£2.08)  63.15 (£1.05)  61.22 (£0.96)
ResUnet w/ proposed. 68.22 (£1.03) 69.51 (£1.70) 68.86 (£0.41) 68.47 (£0.54)
Attention Unet 61.37 (£1.56)  62.89 (£2.77)  62.12(£L77)  61.67 (£1.51)
Attention Unet w/ proposed. | 72.00 (£1.14)  62.81 (£2.35) 67.09 (£1.47) 69.95 (£1.09)
Unet++ 59.18 (£0.95)  64.90 (£1.80)  G6LOL (£1.21)  60.24 (£1.00)
Unet++ w/ proposed. 65.04 (£1.82) 71.21 (£2.78) 67.98 (+1.34) 66.19 (£1.43)
MultiResUnet 65.15 (£0.41) 66.72 (£2.06) 65.93 (£0.98) 65.46 (£0.47)
MultiResUnet w/ proposed. 71.34 (£1.35) 67.32 (£1.78)  69.27 (4+0.43) 70.50 (£0.72)
TransUnet 58.14(=1.96)  61.05 (£5.20)  59.56 (£2.37)  58.70 (=1.60)
TransUnet w/ proposed. 65.10 (£1.31) 67.50 (£2.42) 66.28 (£1.27) 65.56 (+1.10)

has better pixel-wise and region-wise F-scores than other baseline U-Net-based variants. Over-
all, our proposed pipeline can significantly improve F-scores in both pixel-wise and region-wise
evaluations as shown by the improvement when compared to the baselines of all Unet-based

models.

4.5.8 Limitations and Suggestions for the Future Works

Although the stone-region evaluation shows that our proposed method can detect the stones
in the kidney region very well (recall ~ 0.80), there is some case that the model cannot detect
the stones. Based on our stone-size and stone-region evaluations, the small stones in the lower
ureters or bladder region are the most challenging case that shows the lowest recall results
compared with other cases. An example of this case is demonstrated in Fig.4.22 which our
model cannot detect the small stone that is poorly visible in the bladder region. Furthermore,
the the experiments implementing stone-synthesized augmentation produced more false-positive
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Figure 4.22: False-negative examples by our method (the heatmap visualization displays pre-
dicted stone regions). Red boxes show enlarged regions containing urinary stones in bladder
region that were missed.

results, hence the precision score became decreased. The reason is that some stone-synthesized
images used to train the segmentation network do not look realistic enough as shown in Fig.
4.23. The 1%* and 2" column images display the case that stones are overlapped the medical
instrument. As well, 3"% - 5" column images display the case that stones are overlapped other
anatomical structure.
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Figure 4.23: The illustration of original cropped stone region images (1% row images), input
images for stone inpainting network (2"? row images), and synthetic stone results in failed cases
(37 row images).



Chapter 5

Conclusion

We proposed a two-stage pipeline for automatically segmenting urinary stones in abdominal
x-ray images. The first stage model takes the full images as the inputs and generates the KUB
region maps representing the approximate locations of urinary organs where stones are present.
The second stage model is trained with actual stone-contained images and stone-synthesized im-
ages to segment urinary stones from the partitioned images generated cropped by corresponding
KUB region maps. The urinary stones segmentation network in the cascaded framework, which
processed partitioned images instead of full images, could improve segmentation results by re-
ducing the class imbalance problem and processing images at higher resolution. GAN-based
synthetic stone augmentation was presented to increase the number and variety of positive
training samples by implementing them with the healthy samples, which usually outnumber
those with findings. This augmentation method can improve the performance, particular for
stones in rare locations. Our stone-size re-weighting approach used with the focal Tversky loss
could significantly improve the performance of detection particularly for small stones. Lastly,
the bladder stone classification network also reduced false positive results in the bladder region.
The proposed method using the U-Net model produced a 71.28% pixel-wise Fy score and a
69.82% region-wise Fy score, which were higher than 2.88% and 7.63% produced by the baseline
U-Net model, respectively. The experimentation with other U-Net-based segmentation mod-
els also showed that our proposed pipeline could improve F5 score significantly. In the future,
we hope that this automated segmentation of urinary stones in abdominal x-ray images can be
used to reduce the burden on screening, and support medical doctors in diagnosis, and treatment
planning.
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